Many hosts have evolved the ability to recognize alien eggs and eject them from their nests, 50 or desert their clutch entirely, and so many female cuckoos deceive host parents through 51 laying eggs that mimic those of their host, making recognition of foreign eggs more difficult. 52
The eggshells of many bird species are highly variable in colour and spotting among 53 individuals (Underwood & Sealy, 2002; Cassey et al., 2010b; Spottiswoode & Stevens, 2010 Quantifying spottiness, at least as revealed through human scoring, seems to be an important 137 aspect of cuckoo-host coevolution (Moksnes & Roskaft, 1995) . Although some previous 138 studies have used computer programs, e.g. NIH-Image or Scion Image for Windows, for 139 image analysis of eggshell spottiness (Soler J, Soler M, Møller, 2000; Moskát, Szentpéteri & 140 Barta, 2002) , these were influenced by subjective decisions by humans and based on 141 uncalibrated images. However, images from most cameras require calibrating before they 142 should be used, to control for differences in light conditions and the camera-specific response 143 to light intensity (see Stevens et al., 2007) . Here, we first linearized our images to correct for 144 the camera's non-linear response to light levels (radiance), and normalised the images with 145 regards to the grey standard to control for light conditions, thus deriving images 146 corresponding to reflectance information (Stevens et al., 2007) . We then applied the method 147 used by Stoddard & Stevens (2010) , based on digital image analysis to quantify several 148 aspects of egg pattern. All calibrations and image analyses were carried out by self-developed 149 computer programmes written in MATLAB (The MathWorks, Inc., MA, USA) and its 150 associated Image Processing toolbox. As with previous work, we took the mediumwave 151 ('green') image channel for analysis because this most closely approximates to avian 152 achromatic vision, which likely primarily underlies pattern perception (see Spottiswoode & 153 Stevens, 2010) . Before quantifying the eggs' pattern, we rescaled each image to 50 pixels/mm 154 in ImageJ (Abramoff, Magelhaes & Ram, 2004) , because our photographs were taken at 155 slightly variable distances (Spottiswoode & Stevens, 2010) . We used the length of the yellow 156 segment of Kodak Colour Control Patches as a reference for this. 157
During the analyses, each calibrated image of an egg was filtered into a set of new 158 images using Fast Fourier Transformation and seven octave-wide, isotopic band-pass filters 159 21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43  44  45  46  47  48  49  50  51  52  53  54  55  56  57  58  59  60   F  o  r  P  e  e  r  R  e  v  i  e  w   6 (marking filter size, referred to as "filter size"). From each of the seven granularity bands we 166 calculated the overall pattern 'energy' (total energy), as the sum of the squared pixel values in 167 each image divided by the number of pixels in the image (Chiao et al., 2009; Stoddard & spectrum, and provides a measure of pattern contrast of the egg markings (Stoddard & 170 Stevens, 2010; Spottiswoode & Stevens, 2010) . This variable expresses how contrasting the 171 markings are against the egg background colour ("total energy"; see Table 1 ). These seven 172 values produce a 'granularity spectrum', where the maximum energy value corresponds to the 173 filter size containing the highest energy, and thus the dominant marking filter size ("filter 174 size"). We also calculated the proportion that this maximum value contributes to the total 175 energy of the spectrum ("proportion energy"), which indicates the importance of the dominant 176 marking size to the overall egg pattern. A high value shows that the egg pattern is dominated 177 by just one or a few filter sizes (Stoddard & Stevens, 2010; Spottiswoode & Stevens, 2010) . 178
In addition, we calculated the relative proportion of three main egg regions covered by 179 markings, as opposed to the base colour (simply referred as pattern "coverage"). Methods 180 again closely followed Stoddard & Stevens (2010) . First, we thresholded each image into a 181 binary format, whereby markings are encoded by one (1.00) and background egg colour 182 encoded by a zero (0.00). From this, the proportion of the total pixel values that corresponded 183 to a marking was calculated. This value shows the overall proportion of the egg that is 184 covered with markings (Stoddard & Stevens, 2010; Spottiswoode & Stevens, 2010) . We also 185 calculated these metrics for three regions of the egg surface, corresponding approximately to 186 the top (narrow), middle, and base (wider) thirds of the egg. The standard deviation of pattern 187 coverage among the bottom, middle, and top regions of an egg is a measure of pattern 188 dispersion (referred as "dispersion" in analyses), which indicates how concentrated the pattern 189 is at the bottom of the egg. As we revealed differences among egg regions (see Results), we 190 therefore considered the egg regions separately in our linear models, and called this division 191
as "topology". Previous studies failed to find differences among the markings of eggshell 192 regions and averaged measurements for the overall egg surfaces (e.g. Stoddard & Stevens, 193 21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43  44  45  46  47  48  49  50  51  52  53  54  55  56  57  58  59  60   F  o  r  P  e  e  r  R  e  v  i  e  w   7   rejection behaviour in experimental studies in other parasite-host systems and are broadly  200 based on principles of early spatial vision processing (Spottiswoode & Stevens, 2010 , 2011 201 Stevens, Troscianko & Spottiswoode, 2013 Response variables (see below) were tested among years (factor with 4 levels : 1900, 1930, 208 1960 and 2014) , species (factor with 2 levels: GRW as great reed warbler, C as cuckoo) and 209 topology (i.e. egg regions, factor with 3 levels: bottom, middle and top). We also included 210 their interactions, and the estimation was done using the ordinary least square mean method. 211
The following response variables were used (and their abbreviations): (1) proportion energy, 212
(2) filter size, (3) the common logarithm of filter size (log filter size), (4) coverage, (5) total 213 energy and (6) dispersion. These responses were tested by a single-argument ANOVA 214 (permutational ANOVA), where the number of iterations was taken to generate exact P values 215 (Box, 1988) . The description of identification of overall trends by time series analyses in the 216 eggshell's pattern is available in the ESM section no. 1. We used two datasets in the analyses, 217 in the first case all parameters were considered according to the species (great reed warbler, 218 'GRW' and cuckoo, 'C'), while in the second case the egg parameters were defined as a 219 differences between the species, thus the effectiveness of the mimicry can be tested. We refer 220 to this dataset as 'mimicry data' in the text below. 221
All analyses were carried out in R 3.1. 2 (R Core Team, 2014) using the package 222 lmPerm for permutational ANOVA (Wheeler, 2010) and TTR for time series analyses (Ulrich, 223 2013 In the first step of our analyses we compared egg parameters among the top, middle, and 231 bottom regions of the eggs. As we found differences among them (c.f. topology effects in (Table 2 ). All variables, except filter size (even when log transformed), showed a year effect.
The variable proportion energy slightly increased over time with consistently higher values 238 for great reed warblers than cuckoos, while dispersion showed the opposite trend (Table 2 and 239
Fig. 2). 240
We found increasing trends for the variables coverage and total energy. However, the 241 values of these parameters were consistently higher for great reed warblers than cuckoos 242 (Table 2 and Fig.2 ). The metrics coverage and total energy showed similar trends for both of 243 the two species (Fig. 2) . Based on the above mentioned issues for egg's topology, we suggest 244 that the source of differences is the species itself rather than any topological differences 245 between egg's regions. 246
We also analyzed mimicry (the difference between the two species' values for each 247 variable) for only those pattern metrics where significant effects were revealed above. 248
Interestingly, most variables did not show a year effect -only total energy showed a 249 significant year effect, a decreasing trend (p = 0.004), and differences among egg parts 250 (topology: p = 0.008; Table 3 significantly by the year) the parameter proportion energy showed consistent changes in its 265 pattern over the period studied, while total energy showed a decreasing trend in time for both 266 Interestingly, a recent study on cuckoos and great reed warblers in Hungary pointed to the 286 stability of this host-brood parasitic relationship regarding parasitism rate and hosts' responses 287 to parasitism in the last 70 years (Zölei et al., 2015) . In the present study, most variables 288 showed no difference between species, with the exception of coverage and total energy. For 289 the latter two characters, our results provided support for the assumption that brood parasitism 290 is a selective force in cuckoo-host coevolution and egg phenotypes. Hosts of brood parasites 291 only use some aspects of egg appearance in guiding their egg rejection behaviour at any one 292 time, and those features used might be the ones that differ most between parasites and hosts 293 (e.g. Spottiswoode & Stevens, 2010 , 2011 . Therefore, it may be that at different stages (time 294 periods) of the arms race different aspects of egg appearance are used in rejection and 295 therefore under selection. Other traits may not be under selection at the same time. 296
Although we do not know exactly when this parasitic relationship started, our host-297 brood parasite system seems to be a relatively well-stabilized one as the main characteristics, 298 such as high parasitism rate, high rate of multiple parasitism, and mid-level rejection rate, 299 F o r P e e r R e v i e w 1 0 seem to be consistent over time (see Zölei et al., 2015) . The study by Zölei et al. (2015) also 300 suggests that despite the unusually and permanently high parasitism rate found in our study 301 area for at least the last 70-80 years, our host-brood parasite system is in dynamic 302 evolutionary equilibrium, where the ratio of hosts accepting or rejecting parasitic eggs is in 303 equilibrium (Lotem & Nakamura, 1998) , and the recognition error rate is low (Stokke et al. 304 2016) . This could explain the lack of one universal trend in the changes of eggshell spotting 305 characters revealed in the present study. Newly established cuckoo-host relationships are 306 expected to be rather unstable, as both empirical and modeling studies have revealed. For 307 example, they may show well-documentable changes in time, either in parasitism rate (Takasu 308 et al., 1993; Barabás et al., 2004) , egg appearance (Avilés et al., 2006) , or egg discrimination 309 of hosts (Røskaft et al., 2002 (Røskaft et al., , 2006 . Sometimes, phenotypic changes can be detectable within 310 a shorter period when strong selection pressures affect coevolutionary changes (Spottiswoode 311 & Stevens, 2012) , and phenotypic traits may oscillate around fixed points in the phenotypic 312 space and result in discrete categories of egg phenotypes (Takasu, 2003 (Takasu, , 2005 . which appears in nests of several host species (Lovászi & Moskát, 2004) , and the Horsfield's 363 bronze-cuckoo Chalcites basalis in Australia (Feeney et al., 2014) . However, in Japan, 364 cuckoo eggs with highly specialized complex lining pattern characters were also found 365 (Nakamura, Kubota & Suzuki, 1998; Takasu et al., 2009; Moskát et al., 2012) . to CM). We are thankful to Douglas Russell for his help during the work in the Bird 22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43  44  45  46  47  48  49  50  51  52  53  54  55  56  57  58  59 3  4  5  6  7  8  9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43  44  45  46  47  48  49  50  51  52  53  54  55  56  57  58  59 1  2  3  4  5  6  7  8  9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43  44  45  46  47  48  49  50  51  52  53  54  55  56  57  58  59 1  2  3  4  5  6  7  8  9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43  44  45  46  47  48  49  50  51  52  53  54  55  56  57  58  59 1  2  3  4  5  6  7  8  9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43  44  45  46  47  48  49  50  51  52  53  54  55  56  57  58  59 
Estimating trends in time
Identification of overall trends in long-term datasets requires techniques that are able to distinguish between seasonal differences and global trends. In our study we followed the protocol suggested by Zucchini & Nenadić (2011) . The decomposition of time series was applied through a non-parametric regression technique for the egg parameter's data between 1900 and 2014. We performed a seasonal decomposition of a given time series (X t ) by determining the trends (T t ) using local polynomial regression and calculating the seasonal component (S t ) (and residuals) from the differences X t -T t (Cleveland et al., 1990; Zucchini & Nenadić, 2011) . To estimate the possible value of egg parameters in the population for any year, ARIMA [autoregressive integrated moving average, which is the generalization of the autoregressive moving average (ARMA) models] time series models were fitted to all the studied egg parameter data, where a significant time (i.e. year) effect was detected (or Box
Jenkins approach, Brockwell & Davis, 1996; Ripley, 2002) . This modeling process takes advantage of associations in the sequentially lagged relationships that usually exist in periodically collected data. The formula of the ARIMA model is:
where:
Δ1Zt -differenced time series (i.e. Zt-Zt-1), Zt -set of the possible observations on the time-sequenced random variable, a t -random shock term at time t, Φ 1 … Φ p -autoregressive parameter of order p, θ 1 … θ q -moving average parameter for order q.
Sample autocorrelation and partial autocorrelation functions were used to identify the ARIMA model in the appropriate order. The model's estimates were obtained using a maximum likelihood method and diagnostics included the Akaike Information Criterion and the residual analysis by Ljung- 1  2  3  4  5  6  7  8  9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43  44  45  46  47  48  49  50  51  52  53  54  55  56  57  58  59 1  2  3  4  5  6  7  8  9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43  44  45  46  47  48  49  50  51  52  53  54  55  56  57  58  59 1  2  3  4  5  6  7  8  9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43  44  45  46  47  48  49  50  51  52  53  54  55  56  57  58  59  60 
